Objective: Medication adherence is an important aspect of chronic disease management. Electronic health record (EHR) data are often not linked to dispensing data, limiting clinicians' understanding of which of their patients fill their medications, and how to tailor care appropriately. We aimed to develop an algorithm to link EHR prescribing to claims-based dispensing data and use the results to quantify how often patients with diabetes filled prescribed chronic disease medications. Materials and Methods: We developed an algorithm linking EHR prescribing data (RxNorm terminology) to claims-based dispensing data (NDC terminology), within sample of adult (19-64) community health center (CHC) patients with diabetes from a network of CHCs across 12 states. We demonstrate an application of the method by calculating dispense rates for a set of commonly prescribed diabetes and cardio-protective medications. To further inform clinical care, we computed adjusted odds ratios of dispense by patient-, encounter-, and clinic-level characteristics. Results: Seventy-six percent of cardio-protective medication prescriptions and 74% of diabetes medications were linked to a dispensing record. Age, income, ethnicity, insurance, assigned primary care provider, comorbidity, time on EHR, and clinic size were significantly associated with odds of dispensing. Discussion: EHR prescriptions and pharmacy dispense data can be linked at the record level across different terminologies. Dispensing rates in this low-income population with diabetes were similar to other populations. Conclusion: Record linkage resulted in the finding that CHC patients with diabetes largely had their chronic disease medications dispensed. Understanding factors associated with dispensing rates highlight barriers and opportunities for optimal disease management.
Yet, the extent to which patients receive and take medications prescribed by their healthcare providers is an important component of chronic disease management. Failure to adhere to medication protocols leads to increased patient morbidity and mortality coupled with higher medical costs and increased utilization of medical resources. 7 Yet, studies have shown about 25% of prescriptions go unfilled. 6, 8, 9 Individuals receiving care at community health centers (CHCs), our nation's healthcare "safety net," are largely low-income and either publicly insured (ie, Medicaid, Medicare) or uninsured. Nonelderly adult Medicaid recipients are sicker and have a greater burden of chronic disease than the general population; 10 consequently, patients seen in CHCs likely face many barriers to medication adherence. Identifying barriers to medication use for CHCs serving economically marginalized and sicker patients creates opportunities for interventions that can improve patient health and reduce healthcare costs for CHCs. A primary challenge to measuring this is the lack of integrated data on prescribing and dispensing.
Objective
This study aimed to develop an algorithm linking EHR prescribing data from a large national network of CHCs to claims-based dispensing data at the record level. To demonstrate an application of the approach and to contribute to the literature on chronic disease medication adherence, we then computed dispensing rates for patients with diabetes by medication class and conducted an exploratory analysis of patient-, encounter-, and facility-level factors associated with medication dispensing. We considered a list of diabetesrelated and cardiovascular disease (CVD) medications commonly covered by Medicaid. We focused on commonly prescribed drugs for diabetes management and CVD prevention because treatment recommendations include both, as patients with diabetes are at higher risk for CVD than those without diabetes. [11] [12] [13] Further, patients with diabetes often show poor adherence to prescribed medication regimens.
14,15
METHODS

Data sources
The National Patient-Centered Clinical Research Network (PCORnet) created 13 clinical data research networks (CDRNs) based on a common data model (CDM) to facilitate community-based research that is generalizable to many populations. 16 The Accelerating Data
Value Across a National Community Health Center Network (AD-VANCE) CDRN is a multi-center collaborative led by the OCHIN (not an acronym) community health information network. 17 For the current study, we utilized the PRESCRIBING and DISPENSING tables, standardized in the PCORnet common data model version 3.1, 18 from the ADVANCE data warehouse. The PRESCRIBING table is populated with source data from member clinics' EHRs, and data in the DISPENSING table are obtained from an external pharmacy claims vendor (Surescripts), which is integrated into the clinics' EHRs. For each appointment scheduled on the next day, the OCHIN EHR automatically queries the Surescripts database, which returns a list of all medications that have been dispensed for that patient in the past 12 months from pharmacies in the Surescripts network. The provider can view that list and perform medication reconciliation with data entered in the EHR. The PRESCRIBING and DISPENSING tables contain a patient identification variable but are not explicitly linked (ie, the ADVANCE CDM does not contain a variable that directly links a specific prescribing record and one or more dispensing records).
Medication terminologies
Prescribing data ADVANCE prescribing data are standardized using RxNorm, which is an open-source program created by the National Library of Medicine to provide a single system for unambiguously identifying brandname and generic drugs. 19 RxNorm provides a normalized name to each drug in addition to a concept unique identifier (RxCUI) that makes it possible to clearly identify a given drug; drugs that map to the same RxCUI are the same drug (identical in ingredients, strengths, and dose forms). 19 This terminology allows for medications to be exchanged across EHRs, making the usage of RxNorm a criterion for Meaningful Use Stage 2 EHR certification. 20 The
PCORnet CDM specifications call for each prescription to be mapped to RxCUI at the highest possible specificity in order to keep one record per prescription.
Dispensing data ADVANCE dispensing data are stored in National Drug Code (NDC) nomenclature, a universal product identifier published by the Food and Drug Administration. 21 Each NDC is a unique threesegment number that identifies the labeler (ie, the manufacturer or distributor), product (ie, strength, dosage form, and formulation), and package (ie, package sizes and types). Dispensing records are based on insurance claims; thus, dispensing information is available only for patients who are insured, publically or privately, at the time of dispense.
Study period and population
Our algorithm was developed within a population of adult patients with diabetes seen over a two-year study period (2014) (2015) . We included ADVANCE patients from OCHIN clinics (the subset for which dispensing data were available), aged 19-64 with diabetes 22 as of the start of the study period and 1 prescription for an included medication during the study period. Patients who had a pregnancy in the study period, no ambulatory visits, those uninsured throughout the entire study period, and patients with an unknown sex were excluded. Patients with unstable health insurance coverage (eg, had a combination of insured and uninsured visits) were retained in the sample. After exclusions, the study population included 24 130 eligible patients with DM and 1 study medication prescribed; study patients came from 273 CHCs in 50 health systems across 12 states.
Explanatory variables
We obtained patient-, encounter-, and clinic-level variables from the ADVANCE CDM to assess a range of factors associated with dis- specialty (primary care, other), length of time on the EHR, clinic size (number of active patients), and whether the clinic has attested for Meaningful Use.
Medication matching
We developed a 5-step process to identify and match prescribed and dispensed medications (see Figure 1a and b).
Step 1. Identify study drugs We identified diabetes and CVD medications using the publicly available Oregon Medicaid preferred drug list. 24 This list identifies the system, class, and preferred drugs covered by Medicaid in Oregon, with associated RxNorm codes. We confirmed the appropriateness and generalizability of this list with CHC clinician-researchers.
Step 2. Identify study medication prescriptions in the ADVANCE CDM We identified all diabetes and CVD medication prescriptions in the ADVANCE CDM using the list of RxNorm codes from Step 1. Prescriptions were excluded if they had: (a) a start date equal to the end date; (b) an end date prior to an order date; (c) an end date prior to a start date; (d) a start date more than two weeks before an order date; and/or (e) an end date more than one year after the end of our study period.
Step 3. Identify dispensed medications in the ADVANCE CDM We identified all dispensing records (not limited to diabetes and CVD drugs) from the CDM for patients with one or more of our study medications prescribed and a dispense date between January 1, 2014, and December 31, 2016. We extended the date range for dispensed medications to one year after the study period to allow for potential lags between prescriptions and dispenses, both because patients may not immediately fill prescriptions, and because dispensed claims will not be linked to a patient's chart until his/her next clinic visit. The ADVANCE CDM DISPENSING table includes the drug's NDC and dispense date but no further detail on drug name or class.
Step 4. Create a crosswalk between RxCUI (prescribing) and NDC (dispensing) terminologies RxMix is web application that allows users to map between different terminologies of prescription drugs. 2 We used RxMix to identify all current and historical NDCs associated with each of the study RxCUIs (batch processing method through the user interface: input¼RxCUI, function¼'getallhistoricalNDCs'). The resulting crosswalk included 377 RxCUIs mapped to 48 832 NDCs. We then extracted the pharmaceutical subclass (see Table 2 for list) for each RxCUI, as this field was used in the algorithm to match individual prescriptions to dispense records.
Step 5. Algorithm to match prescribing to dispensing records We sorted prescription records by patient and order date and assigned a sequence number of prescription records for each patient. Next, we sorted dispensing records by patient and dispensing date and created a unique identification (ID) number for matching purposes. We wrote a Structured Query Language (SQL) script to match prescriptions to the closest dispensing ID within patient ID and pharmaceutical subclass without replacement, ie, dispensing records were ineligible for future matches once matched to a prescription (see Figure 1b ; the SQL script for this step is included in Supplementary Materials). Finally, we added the unique dispensing ID to the prescribed medication table where we paired distinct prescriptions with dispenses.
Analytic application of linked medication results
After matching prescribed to dispensed medications, we constructed an analytic dataset to demonstrate an application of the method and to inform clinical care. Analysis was limited to health centers with 50 study prescription records to aid in the precision of health center-level estimates. After applying this and other patient-level exclusion criteria described above, our final sample included 363 693 diabetes and CVD prescriptions matched to 273 981 dispensing records for 24 130 patients with diabetes across 273 CHCs nested within 50 health centers.
We described the study sample demographics and calculated medication dispensing rates and distributions across health centers (median, first and third quartiles) by drug class. We then conducted an exploratory analysis to estimate adjusted odds of dispense for a range of patient-, encounter-, and clinic-level explanatory variables. Adjusted odds ratios were computed using generalized estimating equation models with a logit link, applying a robust sandwich estimator to cluster standard errors for repeated measures within patients nested within health centers (SAS PROC GENMOD). All models were adjusted for sex, age group, and race/ethnicity. Statistical significance was two-sided and set at a ¼ 0.05. All analyses were conducted using SAS version 9.4 (SAS Institute, Inc.). The study was conducted with Institutional Review Board approval.
RESULTS
We identified 430 546 diabetes and CVD prescriptions within our study population in the ADVANCE CDM, of which 3.5% of prescription records were excluded due to the date cleaning parameters described above. The final prescription dataset contained 415 488 records. We then identified 1 347 070 total dispensing records for these patients. The matching algorithm resulted in 290 010 of 415 488 prescriptions (69.8%) being matched to a dispensing record.
Match results were verified by comparing matched brand and generic medication names, dosage, and units as recorded in the EHR database. Over 98% of matched pairs were an exact match on brand name or generic name; the remaining 2% matched within pharmaceutical subclass only. Ninety-six percent of matches were for the same dose and units, with the remaining differing slightly on dose or units between the prescribed and dispensed records. Fifty-nine percent of matches were dispensed within seven days of the prescribing date; the median number of days dispensed after prescription was 1.0.
After study exclusions, the 24 130 patients with DM received 363 693 DM and CVD prescriptions in the two-year study period (Table 1 ). This represented 92% of potential study patients with DM; the remaining 8% of DM patients did not have a study medication prescribed. Study patients were predominantly female (55%), most were 40 to 55 years of age (47%), low-income (138% of FPL, 74%), non-Hispanic white (49%), and residents of urban areas (79%; Table 1 ). The population was largely insured by Medicaid (40% continuously Medicaid covered), but notably 26% were partially uninsured. Most patients had 10 ambulatory visits (44%), and comorbidities were common (hypertension on problem list: 69%; lipid disorder on problem list: 70%; Charlson comorbidity index 5: 45%). Overall, CVD drugs prescribed for patients with diabetes were dispensed 76% of the time (Table 2) . Dispensing rates ranged from 68% for platelet inhibitors to 79% for beta blockers. Diabetes drugs were dispensed at slightly lower rates than CVD medications: overall 74% of DM prescriptions were dispensed, ranging from 56% for SGLT2 inhibitors to 80% for thiazolidinediones. While distributions across health centers show some variation in dispensing rates, the vast majority of clinics had over 50% of their CVD and diabetes medications dispensed (Table 2) . We computed dispensing rates within several subpopulations as a sensitivity analysis to explore whether certain patient factors were driving these results. Dispense rates excluding patients ever uninsured, Hispanic, and those with only one study visit were largely consistent with those found in our full sample (Supplementary Materials, Table 1 ). Figure 2 shows patient-, encounter-, and facility-level predictors of dispensing for patients with diabetes after adjusting for sex, age, and race/ethnicity. Both CVD and diabetes drug classes had equal odds of being dispensed (OR ¼ 1.01, 95% CI ¼ 0.99-1.02). Patientlevel factors associated with greater odds of dispensing were sex (OR ¼ 1.14, 95% CI ¼ 1.09-1.20, female vs. male), older ages, and income 138 FPL (OR ¼ 1.42, 95% CI ¼ 1.32-1.53, vs. >138% FPL). Ethnicity (OR ¼ 0.49, 95% CI: 0.46-0.53, Hispanic) and nonwhite race were associated with lower odds of dispensing relative to non-Hispanic whites. All insurance coverage categories had significantly lower odds of being dispensed relative to those fully covered by Medicaid, and patients newly insured in 2014 (no coverage in 2013) had lower odds of being dispensed than the continuously insured (OR ¼ 0.68, 95% CI ¼ 0.64-0.72). Having a PCP assigned, greater proportion of visits with a PCP, residence in a Medicaid expansion state, and higher comorbidity scores were all associated with increased odds of being dispensed.
At the encounter level, prescriptions that were refills (OR ¼ 1.03, 95% CI ¼ 1.01-1.04), e-prescribed (OR ¼ 1.18, 95% CI ¼ 1.14-1.22), and prescribed by the patient's PCP (OR ¼ 1.11, 95% CI ¼ 1.08-1.14) had higher odds of being dispensed. Encounter provider types other than medical doctors were marginally associated with lower odds of adherence, but reason for visit and patients' visit counts at the same clinic were not. At the clinic level, attesting to Meaningful Use (OR ¼ 1.36, 95% CI ¼ 1.20-1.53), larger clinic size, and longer time on the EHR were significant predictors of dispensing. Table 2 in Supplementary Materials lists dispensing proportions at each level of all predictor variables and adjusted odds of dispense with confidence intervals.
DISCUSSION
We created an algorithm that successfully linked EHR-based prescriptions to claims-based dispensing data for a population of CHC patients with diabetes, and found dispensing rates for diabetes and CVD drugs ranging from 56% to 80% depending on drug class. Despite the vulnerability of our patient population, these rates align with previous studies in other populations showing all prescription fill rates were about 75%. 6, 8, 9 In addition, meta-analyses have shown medication adherence of approximately 70% for individuals with DM; 25 antihypertensive medication fill rates were previously measured at 66% within a population of Medicare patients. 26 Much attention has been given to the challenges of mapping among different medication terminology systems. [27] [28] [29] This work can be time and resource intensive and difficult to automate, due in part to one-to-many relationships between terminologies, such as RxNorm and NDC, differences in granularity among terminologies, and ever-evolving systems that require mappings to be continually updated. 27 We took a rather generalized approach by mapping medications prescribed to those dispensed within pharmaceutical subclass. This method allows matches to be made even when an appropriate alternative medication was dispensed (eg, differing trade names for prescribed and dispensed medications with the same active ingredient), as long as they fell within the same pharmaceutical subclass and matched within the RxNorm-NDC crosswalk constructed through the RxMix tool. For the current work, we stopped short of including additional elements such as brand or generic name, dosage, strength, or number of days' supply, but such data could be integrated into the matching algorithm for further refinement where additional specificity is required. Similar algorithms have been developed to match EHR prescriptions to dispensing data in integrated healthcare systems or within national pharmacy chains. 6, 30 The reproducibility of such efforts in Figure 2 . Odds of medication dispensed, by patient-, encounter-, and clinic-level factors. Footnote: Odds ratios and 95% CIs from GEE models with a logit link; robust standard error estimator applied to account for repeated measures within patients and patients nested within health centers. All models adjusted for sex, age group, and race/ethnicity. FPL predictor model restricted to facilities with sufficient variation for model conversion.
the broader US healthcare environment is challenged by diverse geographies, fragmented healthcare systems, multiple payers, and patient populations with unstable insurance coverage and access to care. By developing this algorithm within the framework of the PCORnet CDM, we present a generalizable method with applications across the diverse PCORnet distributed research network, which currently represents more than 100 million patients. 31 Emerging extensions to this work include the movement toward a national quality measure for primary medication nonadherence 32 and potential applications to medication reconciliation workflows. For example, a recent paper presents a web-based software capable of an e-medication reconciliation application to automate medication reconciliation between community and hospital drug lists in Canada. 33 Such efforts have the potential to dramatically improve patient safety and disease management through improved focus on medication adherence and the reduction of barriers; over time, the need for more automated and accurate medication-matching methods across different sources will likely increase.
In the current study, medications with the lowest dispense rates were DPP4 inhibitors, SGLT2 inhibitors, and GLP-1 receptor agonists, which are new and relatively costly DM medications. These medications often require prior authorization from a provider attesting that less costly medications have been used but failed to control glucose levels; 24 therefore, it was unsurprising to find many of these were prescribed but not dispensed. Our methods likely represent conservative estimates for classes that contain low-cost over-the-counter drugs; for example, the dispense rate for platelet inhibitors increases from 68% to 75% when excluding aspirin (Supplementary Materials, Table 1 ). We also found that patient characteristics (eg, age, ethnicity, insurance type), provider type, and clinic factors (eg, time on EHR, clinic size) were associated with prescribed medications being dispensed. These findings reinforce prior studies of the multifactorial influences on medication non-adherence. Health literacy, lack of communication, and fragmented healthcare systems have been highlighted as reasons for non-adherence. 26, 34 The current finding that the strongest associations were at the patient level adds to this literature. In particular, having Medicaid insurance was strongly associated with having prescriptions dispensed. Given that most Medicaid plans require a $0 or very minimal co-pay, our data suggest that lack of prescription cost sharing is an important barrierreducing factor in this population. While we successfully developed an algorithm to link prescribing to dispensing data, we do not know if patients subsequently took the dispensed medications or used them as directed. More research is needed to measure and describe medication adherence and persistence (ie, the act of continuing a medication for the prescribed duration over time) in the CHC population, as well as to understand reasons for discontinuation. Further, identifying barriers to adherence and reasons for discontinuation will allow clinicians and researchers to create meaningful interventions that address systemic barriers to adherence. Informatics-based approaches combining multiple data sources should continue to be developed, 30, 35 which may in turn facilitate patient-provider communication about appropriate medication use and ultimately improve patient adherence and disease control. This study has several limitations. Approximately 2% of matched prescriptions did not agree on brand and/or generic names and were matched within pharmaceutical subclass only; this small proportion may represent false positives (ie, the dispensing record did not actually originate from its matched prescribing record). An algorithm based on brand and generic medication names instead of pharmaceutical subclass may prove more sensitive. For the 30% of EHR prescriptions that did not match to a dispensing record, we cannot say for certain whether these went unfilled or failed to match a dispense record; however, the consistency of dispensing rates with prior published work, combined with our validity checks on matched records, lends confidence to our matching algorithm. Due to the retrospective nature of this work, we included historical (ie, inactive) NDC codes in our crosswalk. This is but one issue to be aware of when working with NDCs: because codes can be reused five years after being inactive, the same NDC can represent more than one drug. 27 Further, because NDCs are constantly updated, the NDC is not necessarily a reliable indicator of exactly what was dispensed, but rather what was billed. We were limited to assessing medications dispensed for patients insured at the time of dispense. Consequently, we had to exclude nearly 25% of our study sample who were uninsured throughout the study period. In addition, some degree of missingness in the claims-based dispensing data is likely. 36 For example, if patients are given manufacturer samples in the clinic or purchase medications under $4 generic plans without using insurance, these dispenses would not be recorded. 37 Previous research suggests this is likely not drastically impacting observed dispense rates, 36, 38 but for these reasons, our reported dispensing rates may be underestimated.
CONCLUSION
This study developed an algorithm to link EHR-based prescriptions to claims-based dispensing data for a large network of CHCs, matching 70% of prescribed medications using data from the PCORnet common data model. Our analysis demonstrating an application of this algorithm found dispense rates in the range of many published studies assessing other populations. Our findings suggest that prescribing data may be used as a reasonable proxy for medication dispensing. While this study specifically examined chronic disease medication dispensing among patients with diabetes, the algorithm developed can be applied to other medication classes and patient populations. These findings lay the groundwork for future studies of medication adherence and chronic disease management using EHR data.
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